This research aims at enhancing the accuracy of navigation systems by integrating GPS and Micro-ElectroMechanical-System (MEMS) based inertial measurement units (IMU). Because of the conditions required by the large number of restrictions on empirical data, a conventional Extended Kalman Filtering (EKF) is limited to apply in navigation systems by integrating MEMS-IMU/GPS. In response to non-linear non-Gaussian dynamic models of the inertial sensors, the methods rely on a particle cloud representation of the filtering distribution which evolves through time using importance sampling and resampling ideas. Then Particle Filtering (PF) can be used to data fusion of the inertial information and real-time updates from the GPS location and speed of information accurately. The experiments show that PF as opposed to EKF is more effective in raising MEMS-IMU/GPS navigation system's data integration accuracy.
Introduction
Inertial sensors are widely used for navigation systems [1] . Compared to GPS tracking result, inertial tracking offers attractive complementary features. Given perfect sensors, no external information other than initial pose estimation is required. Lang et al. [1, 2] show that inertial sensors can provide a good signal-to-noise ratio, especially in cases of rapid directional change (acceleration/deceleration) and for high rotational speed. However, since inertial sensors only measure the variation rate or accelerations, the output signals have to be integrated to obtain the position and orientation data. As a result, longer integrated time produces significant accumulated drift because of noise or bias.
In MEMS-IMU/GPS integration, there are nonlinear models that should be properly handled, for example: 1) nonlinear state equations describing the MEMS-IMU error propagation; 2) nonlinear measurement equations that are related to pseudo ranges, carrier phases and Doppler shifts measured in the GPS receiver [3] . In recent years, to overcome the problems with the nonlinearity, other nonlinear filters are also considered for use in the MEMS-IMU/GPS integration, for example: 1) Particle Filter(PF), 2) Unscented Kalman Filter(UKF), 3) SIR Particle Filter(SPF) [4, 5] . It is reported [5, 6] that the integrated systems with these nonlinear filters show the similar performances, producing almost the same accuracies in horizontal position and velocity while the accuracy of the heading angle can be improved. This paper combined GPS and inertial sensor with a two-channel complementary PF, which can take advantage of the low-frequency stability of GPS sensors and the high-frequency tracking of gyro sensors.
System Overview
Hybrid solutions attempt to overcome the drawbacks of any single sensing solution by combining the measurements of at least two tracking methods. The fusion of complementary sensors should be used to build better tracking systems. Synergies can be exploited to gain robustness, tracking speed and accuracy, and to reduce jitter and noise. Nowadays, a hybrid tracking system is the best solution to achieve a better object pose estimation and is widely applied in recent research works.
A Particle Filter (PF) is used to estimate motion by fusion of inertial and GPS data. The Extended Kalman Filter (EKF) is used for data fusion and error compensation.
Most of the hybrid approaches use the EKF to estimate the object state by fusion of inertial and GPS data. However, the EKF algorithm provides only an approximation to optimal nonlinear estimation. This can introduce large errors in the true posterior mean and covariance of the transformed Gaussian random variables, which may lead to suboptimal performance and sometimes divergence of the filter.
Our GPS system consists of a robust pose and an Inertial Measurement Unit (IMU) providing 3-D linear acceleration and 3-D rate of turn (rate gyro) [7] . Moreover, the Particle Filtering algorithm is suggested and assessed to model the variations of the MEMS sensors' performance characteristics. Initial results show the efficiency and precision of the proposed PF modeling algorithm.
Three-Dimensional Error Estimation

Motion Model and System Dynamics
Any navigation systems tracking approach requires some kind of motion model, even if it is constant motion. Since we have no a priori knowledge about the forces changing the motion of GPS system or the objects, we assume no forces (accelerations) and hence constant velocities. Augmented reality (AR) systems [1] have the goal of enhancing a person's perception of the surrounding world. We used the motion model proposed by Ref [7] , where the objects motion is represented by a 15 × 1 vector:
where θ is the orientation of GPS with respect to the world (we use Z -Y -X Euler angles), ω is the angular velocity, , , x x x   are the position, velocity and acceleration of GPS with respect to the world. With these states, the discretized system dynamics are given by:
where T  is the sampling period, ( ) W  is the Jacobian matrix that relates the absolute rotation angle to the angular rate and is the system random distribution noise. At each time, the 3-D GPS pose is given by the values of the i k w x and  parameters.
Inertial Sensor Measurements
Our inertial sensor consists of three orthogonal rate gyroscopes to sense angular rates of rotation along three perpendicular axes and three accelerometers which produce three acceleration measurements. GPS orientation changes are reported by the inertial sensor, so the transformation between the {G} and {I} is needed to relate inertial and GPS motion. The rotation motion relationship between the two coordinates can be derived by:
where G  and I  denote the angular velocity relative to the GPS coordinate frame and the inertial coordinate frame, respectively. In order to determine the transformation matrix
R we have developed an efficient calibration method which is described in more detail in Ref [8] . The accelerometers produce three acceleration measurements, one for each axis (units: mm/s 2 ). The accelerometers provide linear acceleration measurements in their own coordinate frame {I}. However, the acceleration term in our state vector is the linear acceleration from {C} to {W}. The function relating the state vector and the linear acceleration measurements is given by:
where the rotation from {W} to {I} is
P is the position of the origin of the {I} frame with respect to the {C} frame and g is gravity.
C I R and C I P are determined by the calibration procedure.
Fusion Filter
The goal of the fusion filtering is to estimate object pose parameters of (1) from the measurements of the vision and inertial sensors [9] . The basis of our fusion algorithm is a SIR particle filter [8, 10] . In this section we will explain how to use such a filter to estimate the camera pose. For more details on particle filter theory, see Refs [11] [12] [13] . The motion tracking can be considered as a single-target non-linear discrete time system whose process model can be expressed as follows:
where k X denotes the state vector of the system at time k, it is defined by (1). ( , ) k k f X w represents the deterministic process which is given by (2). The measurement model is given by:
where represent the measurements noise. The nonlinear function relates the state vector k n h X to the measurements . In our design, the input measurements to the fusion filter come from three different sensors, i.e., GPS, gyroscope and accelerometers, each with its own output equation
and an uncertainty in the output space: y h
For the Gyroscope
The gyroscope produces three angular velocity measurements, one for each axis (units: rad/s). This information will be associated only with the angular velocity term in the state vector. The gyroscope measurement model is then given by:
relating the state vector with the measurement vector using an identity matrix, so: [0 0 0 0
where represents a 3 × 3 zero matrix and I  a 3 × 3 identity matrix.
For the Accelerometers
The accelerometers produce three acceleration measurements, one for each axis (units: mm/s 2 ). The accelerometer measurement model is defined by:
where is given by (4) and is the accelerometer's measurements noise. 
3) Evolution.
Predict new particles
using different noise realization and the process model:
4) Weighting.
In our application, the measurement noises are considered Gaussian whose means are zero, and whose error covariance matrices are, respectively gyro k R , , and
. In this case, the weights are computed as follows:
where is the observed measurements from GPS or inertial sensors and is the measurement model, corresponding either to , 
5) Estimation.
Compute the output of the SIR filter by:
Increase k and iterate to item (3). Since GPS data are obtained at a slower rate than the inertial sensor data, the filter will perform object pose estimation when gyroscope data, accelerometer data or GPS data is available. Thus, we implement a complementary filter as shown in Figure 2 . There are two particles weighting channels sharing a common estimation module: one is for GPS measurements and the other is for inertial sensor measurements. Independent channel processing handles incomplete information measurements. For example, when no GPS measurement is available (e.g., due to occlusions), the overall system maintains object pose tracking by only using the inertial weighting channel vice versa, when GPS measurement is available, only the GPS weighting channel is used to estimate object pose to overcome the problems of inertial sensor drift due to longer integrated time. 
Experiments
This experiment evaluates the accuracy and the robustness of our fiducially detection and recognition method. We propose to use the particle filter framework for the sensor fusion system on MEMS-IMU/GPS. Particle filters are sequential Monte-Carlo methods based upon a point mass (or 'particle') representation of probability densities, which can be applied to any state space model and which generalize the traditional Kalman filtering methods. We have tested our algorithm to evaluate its performance and have compared the results obtained by the particle filter with those given by a classical extended Kalman filter. Experimental data are presented in Figure 3 . First, the experiments research based on Matlab simulation soft, which is the language of technical computing. The original data of a pilot study based on the inertia output data of the inertial measurement unit and realtime GPS location and speed, which is used to the particle filtering data fusion arithmetic. The first result is taken on one-dimensional position above the error data analysis as Figure 3 . Then, and respectively, used Kalman filter、the traditional extended Kalman filter、the unscented Kalman filter and particle filter to data fusion experiment. Three filters arithmetic of the first are not to introduce, particle filter specific reference to the course of the last section, the formula is derived, and available Experimental results are presented in Figure 4 .
Finally, a new technique augmenting the powerful PF predictor with the traditional KF for improving the integrated MEMS-IMU/GPS integration system performance is presented. Initial test results show the significance of the proposed PF augmentation in reducing position and velocity drifts during GPS outages.
Conclusions
In this paper we presented a hybrid AR approach which uses a particle filter to combine GPS and inertial technologies in order to improve the stability and the accuracy of the registration between the virtual and real world objects when enhancing the user perception.
An overview of the developed navigation system was described, and experiments demonstrated the feasibility and reliability of the system under various situations. Otherwise, we have implemented a SIR particle filter to fuse inertial and GPS data and, thus, to estimate the object poses. We have used the RMSE analysis to describe the performances of the filter. The results have been very satisfactory compared to those of classical AR techniques; they showed that the fusion method using the particle filter achieves high tracking accuracy, stability and robustness.
It is possible to apply more than three distributions to 
